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Abstract 
Wildfire is a growing problem in the US mountain west, with suppression costs exceeding 
$2 billion in 2015. Wildfire outbreaks occur in climate-driven synchronous events, and by 
studying the climate patterns that lead to dangerous fire conditions scientists have been able 
to identify numerous climatic factors that contribute to large fires. Low snow years and early 
snowmelt have long been hypothesized as indicators of large fire years, though there are few 
papers that identify this link explicitly, and those that do show great variation between the 
different mountainous areas of the west. In this thesis I, along with my co-investigators, 
explore the relationship between snowmelt timing and wildfire area burned among the many 
ecological systems of the US mountain west. We begin by defining a new way to identify 
snowmelt timing using time-series satellite imagery. We then form a theoretical and 
statistical framework for comparing snowmelt timing with area burned, modeled from 
previous climate/fire investigations. We further refined the snowmelt timing data using the 
complete MODIS record for the northern hemisphere. Finally, we use the MODIS-derived 
snowmelt timing data to investigate snowmelt/fire relationships at a moderate scale across 
hundreds of ecological systems of the US mountain west. Once we identified specific 
ecological systems that exhibit a link between snowmelt timing and wildfire we discussed the 
ecological implications of this relationship as well as fire-management strategies for land 
managers and public officials. This body of work demonstrates a substantial contribution to 
the fields of cryosphere studies, remote sensing, and fire ecology.  
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Introduction 
Wildfire is a serious management issue across the western United States. Half of the 
western United States is federally managed land (Vincent, Hanson, and Bjelopera 2014), and 
federal land managers invest heavily in wildfire operations. Federal fire suppression costs 
have steadily increased since 1985, with 2015 being the most expensive year on record at 
$2.13 billion (National Interagency Fire Center 2016). Managing these costs is a constant 
challenge, as fires are difficult to predict and logistics are complex. As climates change, 
experts expect an increase in wildfire across broad expanses of the American west 
(Westerling et al. 2006; Littell et al. 2009; J. R. Marlon et al. 2009; Higuera et al. 2015). This 
may lead to an increase in management costs and complexity. Insight into future fire activity 
would be of great benefit to fire managers as they plan their strategies for the upcoming fire 
seasons. While fires are difficult to predict with certainty, risk factors such as high winds, low 
relative humidity, and abundant fuels are easy to quantify, and routinely contribute to fire 
management decisions. The goal of this research is to contribute to this framework of 
decision making information by investigating the following question: are there relationships 
between snowmelt timing and wildfire occurrence in the US mountain west? 
Herein I will document my personal and collaborative efforts to better understand the 
complex relationships between snowmelt timing and wildfires through an investigation of 
the relevant literature, development of a novel method to quantify snowmelt timing, and a 
variety of analyses comparing snowmelt with wildfire across several spatial and temporal 
scales. Complementing this investigation is my exploration of snowmelt timing comparison 
with plant phenology in Crater Lake National Park (CRLA) as a part of the Young Leaders in 
Climate Change program. In each study, I used publicly available satellite imagery to develop 
a novel snowmelt timing dataset to compare with existing fire maps. All reference data were 
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produced directly by, or in conjunction with, US federal agencies (Huete, Justice, and van 
Leeuwen 1999; Dorothy K Hall et al. 2002; Robinson, Estilow, and NOAA CDR Program 2012; 
USDA 2014). I would have been unable to do this alone, and within this document I will 
specify co-author contributions to each product, to both honor their work, and to highlight 
my progress as an M.S. Geography candidate. 
Understanding fire’s many influences is a major management goal for the decades to 
come. By further illuminating snowmelt’s role in wildfire dynamics I have contributed to 
management decision making capability. Along the way I have developed material 
contributing to the fields of remote sensing, phenology, and spatial data management. While 
it has been a formal exercise in academics and the scientific process, I hope that my thesis can 
serve to benefit the communities and landscapes that I hold dear.  
Wildfire-Climate Relationships 
The relationships between climate and wildfire are complex and poorly understood 
(Medler, Montesano, and Robinson 2002; Westerling et al. 2006; Littell et al. 2009; Semmens 
and Ramage 2012). The literature discussed here uses quantitative methods to identify 
climatic factors controlling wildfire. Early climatic investigations by Swetnam and Betancourt 
(1998) look at large-scale dynamics such as El-Nino and regional draught severity indices as 
they influence annual area burned. They found that climate induced regionally synchronized 
fires since the 1700s. Subsequent research by (thesis advisor) Medler, Montesano, and 
Robinson (2002) take a similar research question to the one posed in my own research: is 
there a relationship between acre-days of snow and wildfire area burned in individual states 
of the US west? While they did not find significant results that low snow causes wildfire, they 
did identify snow cover as being a fuel-conditioning influence that can inhibit big fires 
following extensive snow years. (Westerling et al. 2006) present the cornerstone paper in the 
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field as they identify spatially explicit trends between spring timing (as measured through 
hydrographs in snow-dominated watersheds) and wildfire at a moderate scale across 
western North America. Westerling et al. (2006) breaks ground for spatial analysis of 
hydrological controls on wildfire, though it is limited by its use of stream hydrographs, which 
give a signal that is not easy to compare across watersheds, and the spatial resolution of this 
study was limited by the size of the watersheds considered. This research was contemporary 
with climate change literature predicting dramatic wildfire responses to climate change 
(Schoennagel 2007; J. R. Marlon et al. 2009), as well as changes in snowpack dynamics 
throughout the west as described in the excellent review paper by Stewart (2009). At this 
point, spring onset and snowmelt timing are shown to be important contributors to wildfires. 
Still, few papers investigate snowmelt timing as it pertains to wildfire following Westerling 
et al. (2006). 
The late 2000s bring a wave of multivariate analysis lead by Littell et al. (2009), who 
employs a complex multivariate regression method to ecological provinces of the US west.  In 
the discussion of this foundational paper in the field, Littell et al. (2009) states: 
“The repeated importance of winter climate variables in the correlation and regression 
analyses reveal the capacity for antecedent climate to precondition large-fire years in the 
American West, presumably via water stored in snow or soil. Although we do not examine 
snowpack explicitly, the sensitivity of ecoprovince wildfire area burned to winter precipitation 
and drought merits further investigation.” 
They then continue to speculate on how different snowpack dynamics might influence annual 
area burned for different ecosystems, with timber and grasslands faring quite differently 
depending on the snow. This clear call from the literature for further investigation is heeded 
in this thesis work. 
Dillon et al. (2011) investigate the combinations of topography, temperature, 
precipitation, vegetation, and ecological site potential (ESP) region as they contribute to 
MTBS burn severity. They find topography to be the overwhelming driver of their random 
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forest models, contributing the majority of important predictors. MTBS burn severity mosaics 
are widely considered to be representative but not necessarily accurate at any given point. It 
is possible that topography-based bias in the MTBS remote sensing process leads to an over-
correlation between topography and MTBS burn severity as inputs. Still, they found that 
temperature, precipitation, and soil moisture (all correlates of snowmelt) are important 
predictors of wildfire at a lower predictive power. This paper guided much of our methods, 
as we opted to use ESP for Chapter II, and MTBS polygons (not the more complex burn 
severity mosaics employed in Dillon et al. (2011)) for Appendix I and Chapter II. We use the 
MTBS polygons to define burned area within the Middle Rockies (Appendix I) and ESP 
ecological systems (Chapter II), which we then compare with our prepared snowmelt data. 
One of the interesting applications of remote sensing of snowmelt and wildfires is 
presented by Semmens and Ramage (2012). This study uses microwave imagery to study the 
reflectance patters of the melting snow surface to identify snowmelt patters spatially. They 
then compare these values with fire perimeters within the Porcupine River watershed of the 
Yukon and Alaska. This interesting study has few results due to its short period of record and 
limited spatial scope. Still, they identify differences in fire locations based on snowmelt timing 
characteristics, suggesting that early snowmelt timing promotes fire at a specific location, as 
well as generally within the region. This study does not discriminate between vegetation 
types or other ecologically significant values, potentially diluting signals available within 
their data by mixing response categories. Again, this study influences much of the conceptual 
and methodological framework for Appendix I and Chapter II. 
Remote Sensing of Snow 
Imaging sensors were mounted aboard early satellites, and continue to improve with 
each platform launched. Robinson, Estilow, and NOAA CDR Program (2012) have maintained 
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the longest-running snow cover dataset for north America. Beginning in the late 1960s, the 
NOAA daily snow maps analyzed by the Rutgers Global Snow Lab have provided a rich 
historic dataset, although at a very coarse resolution. This data product covers a longer time 
span than the widely available fire records (1984-2013) (USDA 2014), and is therefore well 
suited for decadal studies at the regional level. I employed this snow product for the paper 
presented in Appendix I as we developed a new method to identify snowmelt timing and 
compare it with annual area burned. 
The LANDSAT archives store a rich history of high resolution (30m2) imagery. While this 
imagery is widely employed for regional studies at short timespans (Cea, Cristobal, and Pons 
2007; Chokmani et al. 2010; Dorothy K. Hall et al. 2015), it is impractical to attempt an 
automation at expansive temporal and spatial scales due to cloud cover, inconsistent datasets 
between sensor epochs, and high data volumes. There was a growing need for a standardized 
satellite-borne sensor that could capture moderate resolution imagery at the global scale.  
Enter the MODerate resolution Imaging Spectroradiometer (MODIS) sensors aboard the 
Aqua and Terra satellites, which began production of global imagery in February, 2000. 
Various labs around the world began to analyze MODIS imagery using established and novel 
techniques to produce numerous ecological datasets, including snow cover products 
(Dorothy K Hall et al. 2002) as well as vegetation indices (Ganguly et al. 2010). The MODIS 
snow imagery pioneered by Dr. Dorothy Hall and others has been widely validated from the 
Himalaya (Tahir et al. 2011) to Catalonia (Cea, Cristobal, and Pons 2007), China (Wang, Xie, 
and Liang 2008; Huang et al. 2011) to eastern Canada (Chokmani et al. 2010) and the US 
Rocky Mountains (Crawford 2014). The MODIS snow products are known to be globally 
reliable, although marred by clouds like all remotely sensed snow products.  
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Remote sensing of snowmelt has found moderate success in the literature. Several papers 
were successful in connecting remotely-sensed snowmelt with hydrological response 
(Ramage et al. 2006; Tahir et al. 2011), tying this method back to the quintessential 
Westerling et al. (2006) stream gauge-based measurement of snowmelt. To leverage 
remotely sensed data, most papers identify a region of interest (mountain range or 
watershed) and conduct a time-series analysis of snow covered area (SCA) to create snow 
depletion curves for that one region. The aforementioned Semmens and Ramage (2012) takes 
a different approach to first quantify snowmelt metrics in a spatially explicit manner, creating 
a snowmelt timing surface draped across the watershed. From there they divide their study 
area into burned and unburned regions, which change each year. Essentially they conduct a 
difference of means test for the snowmelt values of the burned area pixels versus the 
unburned pixels. They find that burned areas have a significantly earlier snowmelt date than 
unburned areas (for some years), though they do not find a linear relationship or any true 
predictive measure, again owing to the unpredictable nature of interceding influences 
(precipitation, air temperature, ignition sources, etc.). As mentioned above, this study was 
limited by the single watershed of focus, and by not explicitly considering the vegetation type 
differences within their fairly large and diverse watershed. Still, their methods, in particular, 
a spatially-explicit day of year (DOY) for snowmelt activity, are highly promising and present 
a leap forward in comparing remotely sensed data with wildfire.  
The early 2010s have seen rapid development of spatially-complete environmental 
datasets, in large part owing to the MODIS and LANDSAT database. While Semmens and 
Ramage (2012) use microwave sensors to identify snow surface properties as they relate to 
melt, Narasimhan and Stow (2010) use the MODIS snow cover products (Dorothy K Hall et 
al. 2002) to define the DOY for “complete snowmelt” along the north slope of Alaska. This 
research sets the stage for the SMT presented in Chapter I, still their investigation was 
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seriously hampered by cloud interference and poor reflectance properties at these extreme 
latitudes. Additionally, their limited span of interest (2003-2005) and poor spatial 
completeness (due to cloud interference) prevented them from making meaningful 
comparisons with Normalized Differential Vegetation Index (NDVI) data (as they set out to 
do).  
Remote Sensing of Vegetation Phenology 
Perhaps Narasimhan and Stow (2010) were encouraged to identify a spatially-explicit 
snowmelt DOY for their study area by advancements in the field of phenology, as their 
contemporaries were developing complex signal processing capabilities for vegetation 
remote sensing to identify a DOY for phenological variables of interest. One of the 
foundational papers for this movement was presented by Jönsson and Eklundh (2004), who 
describe a new type of satellite image signal processing algorithm in the journal Computers 
and Geosciences. Recognizing that typical NDVI data can vary dramatically within a single 
pixel (location) between images (days or weeks) they fit Gaussian models to this noisy data, 
allowing for a clear transition between NDVI states (growing, dormant) and quantification of 
the points of inflection that represent ecological changes (green-up, senescence). An 
enormous achievement, this paper (among others) inspired many vegetation phenology 
products. Perhaps the most successful plant phenology product is the MCD12Q2 dataset 
developed from MODIS imagery (Zhang, Friedl, and Schaaf 2006; Ganguly et al. 2010). This 
dataset provides DOY values for greenup, maximum greenness, senescence, and return to 
dormancy, as well as NDVI magnitude of seasonal change and the “sum of greenness” at 
500m2 resolution, for years 2001-2012. This global dataset allows for a very direct spatial 
analysis of metrics such as snowmelt timing, temperature, and drought severity as they 
influence plant phenology. Still, much like the snowmelt timing products presented by Hall et 
al. (2002) and Narasimhan and Stow (2010), the MCD12Q2 has major challenges with cloud 
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cover, especially in mountainous environments. As cloud interference can obscure weeks out 
of a particularly noisy signal tracking a fast-changing phenomena, the authors of the 
MCD12Q2 elected to omit any pixels that didn’t meet their strict signal processing criteria. 
While a conservative and thoughtful QA/QC measure, this omission leaves the plant 
phenology product badly degraded in areas with cloud cover (particularly in mountainous 
terrain) therefore taking the spatial mean of a region’s sparse phenology DOY values is often 
the only choice, as shown in Appendix II.  
Synthesis 
The literature is ripe for a fresh look at the relationships between snowmelt timing and 
wildfire occurrence at the regional scale. While the theoretical framework for such 
investigation is well documented (Medler, Montesano, and Robinson 2002; Westerling et al. 
2006), recent investigations have utilized fairly high resolution in a limited study area 
(Semmens and Ramage 2012), or have conducted a more thorough multivariate analysis 
across a larger region without considering snowmelt timing (Dillon et al. 2011; Higuera et al. 
2015). The foundation for my thesis work is sound, and while the niche at the nexus of these 
fields is small, this work points towards advancements in remote sensing, signal processing, 
hydrology, fire ecology, and plant phenology.  
The literature of the early twenty first century has two converging fields, multivariate 
climatological studies of wildfire, and remote sensing of climate variables and spatially-
complete datasets. In this thesis I provide a new link between these two arenas by developing 
ecologically-relevant remotely sensed snowmelt timing data products at the unprecedented 
500m resolution, and applying those in a univariate analysis of ecological regions. Similar to 
Semmens and Ramage (2012), these snow datasets have never been included within 
multivariate analysis, therefore it makes sense for us to analyze snowmelt timing as a single 
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variable influencing wildfire dynamics to test its relationship before combining snowmelt 
timing with temperature, precipitation, drought severity, etc. Additionally, snowmelt timing 
is a different type of predictor than the typical multivariate inputs. Climate phenomena such 
as ENSO (Swetnam and Betancourt 1998; Schoennagel 2007) or annual-resolution long-term 
temperature data (Heyerdahl, Morgan, and Riser 2008; Morgan, Heyerdahl, and Gibson 2008; 
Littell et al. 2009; J. R. Marlon et al. 2009; Kelly et al. 2013; Higuera et al. 2015) are not 
spatially explicit, certainly not to the ecological region. Conversely, predictors such as 
temperature, precipitation, soil moisture, drought index are spatially explicit, however their 
predictive values from studies (Dillon et al. 2011; Higuera et al. 2015) and fire behavior 
models rely on information that is only available during the active fire season. Snowmelt 
timing has the potential to advise decision-making months in advance of fire season. 
However, snowmelt’s influence on fire season can be overwhelmed by anomalies in these 
variables, therefore snowmelt timing will necessarily exhibit a lower predictive power than 
these variables in a multivariate analysis. For example, the massive Yellowstone fires of 1988 
occurred following a later than average snowmelt. For most years on record, this would 
suggest that 1988 should have a low area burned. In reality, the late snowmelt was 
immediately followed by a prolonged drought, and severe fire danger was the result. This is 
a year where the predictive power of snowmelt timing is undermined by interceding climate 
variables, in particular temperature and relative humidity. Still, identifying significant 
relationships between snowmelt timing and wildfire area burned will be of great benefit to 
land managers and wildfire strategists. For these reasons we investigate snowmelt timing 
within the different ESP regions of the western US as to better advise future multivariate 
analysis including the variables mentioned here.  
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Summary 
To establish a methodological framework and establish a proof-of-concept I first used 
coarse-resolution satellite imagery to evaluate the relationships between snowmelt timing 
and annual area burned within the EPA Level III Middle Rockies Ecoregion (Appendix I, EPA 
2015). Ultimately this work was accepted for publication in Fire Ecology and I credit the hard 
work of my co-authors for its success. Following the establishment of this novel method I 
embarked on a wide-ranging investigation of snowmelt timing by first developing the SMT 
(Chapter I), and then applying it to important wildfire (Chapter II) and plant phenology 
(Appendix II) hypotheses. There has been a growing need for spatially complete, ecologically 
meaningful snowmelt timing dataset developed from remotely sensed data. With 15+ years 
of available data, the MOD10A2 (Dorothy K Hall et al. 2002), with its 500m2 resolution, cloud-
handling (through 8-day composite images), and co-registration with dozens of other MODIS-
based datasets, was an ideal candidate for developing the novel SMT (Chapter I). Using 
statistical methods from the traditional climate/fire literature (Heyerdahl, Morgan, and Riser 
2008; Morgan, Heyerdahl, and Gibson 2008; Littell et al. 2009; J. R. Marlon et al. 2009; Kelly 
et al. 2013; Higuera et al. 2015) and incorporating ecological spatial definitions from 
contemporary multivariate analysis (Dillon et al. 2011; Higuera et al. 2015) allowed me to 
utilize the full spatial potential of the SMT while investigating the established, but not precise, 
relationships between snowmelt timing and wildfire (Chapter II).  
Statement of Authorship 
Throughout this process I have received help from countless influences. Each product 
described in the chapters and appendices has been co-authored with multiple contributors. 
While it is important to be a successful collaborator, it is difficult to discern my exact influence 
on each product. Here I describe my full contribution to the work, as well as the contributions 
of my co-authors.  
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Chapter I O’Leary, D.S. III, Hall, D., Medler, M., Matthews, R., Flower, A. Year TBD 
Employing a novel snowmelt timing dataset to assess snowpack dynamics. Target Journal: 
Remote Sensing of Environment. 
This document details the development of the novel snowmelt timing product (SMT) 
derived from the MOD10A2 snow data product (Dorothy K Hall et al. 2002). This document 
builds on the snowmelt timing methods developed in Appendix I and the MODIS snowmelt 
timing methods described in Appendix II. I was the sole developer for the SMT, though 
thoughtful considerations offered by Dr. Hall and my committee members contributed to the 
design of the SMT algorithm. Dr. Hall was integral in the development of this document, as 
she wrote many edits and contributed to the literature review, both having written many of 
the supporting documents as lead-author the MOD10A2 product, and by suggesting readings. 
Advisor Dr. Medler and Committee Members Dr. Matthews and Dr. Flower have offered 
extensive feedback on the development of this document. 
Chapter II O’Leary, D. III, Medler, M., Matthews, R., Flower, A. 2016 Snowmelt timing 
influences area burned acorss multiple ecosystems. Target Journal: Ecological Applications.  
This paper relies heavily on Appendix I and Chapter I to build the foundation for a 
spatio-temporal analysis of snowmelt timing and wildfire interactions in the US Mountain 
West. I contributed the SMT as developed in Chapter I and have written the majority of the 
document. Dr. Medler has closely guided this research with framing the question, pertinent 
literature, and frequent feedback throughout the process. Dr. Matthews helped to advise the 
statistical methods and framework for this analysis. Dr. Flower contributed quality feedback 
during the analysis process, and provided assessment of ecological responses when 
discussing results.  
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Appendix I, O’Leary, D.S., III, T.D. Bloom, J.C. Smith, C.R. Zemp, and M.J. Medler. 2016. A 
new method comparing snowmelt timing with annual area burned. Fire Ecology 12(1): 41-
51. doi: 10.4996/fireecology.1201041  
This paper has been accepted for publication in Fire Ecology. I was the sole developer of 
the snowmelt timing algorithm within, and consulted with Dr. Medler on the application of 
statistical analyses on these data. Trevor Bloom was an integral part of the introduction, 
discussion, and review process. Molly Smith was the lead GIS architect, extracting the NOAA 
maps to a useful format for the study area. Christopher Zemp contributed to experimental 
design, background, and much PDO/ENSO analysis that did not make the final draft. Dr. 
Medler was the chief strategist and editorial consultant through the process. 
 
Appendix II Kellermann, J., O’Leary, D. III, Wayne, C. 2016. Snowmelt timing controls 
plant phenology in Crater Lake National Park. International Journal of Biometeorology. 
The paper was borne from my work with CRLA in summer 2015 as a part of the Young 
Leaders in Climate Change Fellowship, a joint partnership between the National Park Service 
(NPS), the George Melendez Wright Foundation, and the University of Washington. This 
competitively advertised fellowship is designed to recruit talented young researchers into 
the Department of the Interior through service with the NPS. Dr. Jherime Kellermann was the 
principal investigator, grant winner, and major motivation behind the question: how will 
changing snowpack dynamics affect plant phenology and sensitive species in CRLA? For this 
work I contributed the SMT, performed all data management in gathering spatial data, 
merging the information into ArcMap 10.2.2, extracting snowmelt, phenology, and elevation 
data for the area of interest, developing the experimental design, and calculating statistics for 
the derived data. Dr. Kellermann did the majority of the writing, including extensive 
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contributions to the introduction and discussion, in particular framing the question as a 
management issue for those interested in protected and alpine areas. Chris Wayne, GIS 
Specialist for CRLA, contributed park-relevant spatial data and hardware, and served as a 
consultant for local interpretation. 
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Chapter I - Investigating The Early Snowmelt Event of 2015 in the 
Cascade Mountains Using The MODIS-Based Snowmelt Timing 
Product 
Donal O’Leary III, Dorothy Hall, Michael Medler, Aquila Flower, Robin Matthews 
Abstract 
Snow is a first-order control on ecosystems, influencing energy balance, hydrology, 
geomorphic processes, flora, and fauna. Spring snowmelt serves as the major hydrological 
contribution to watersheds of the US west, as well as a useful phenological proxy for biotic 
lifecycles. Early snowmelt events concern the public and land managers as a perceived risk 
of fire and changing climate, though the concept of an “early” snowmelt can be difficult to 
define for a landscape. Point measurements of snowmelt are common using meteorological 
stations or stream gauges, however there have been few attempts to create a spatially-
complete gridded product that describes snowmelt timing. In this study we describe a new 
snowmelt timing product (STP) identifies primary snowpack departure, derived from the 
MOD10A2 snow presence dataset. We then use the STP to explore recent snowmelt events in 
the Cascade Mountains, with a particular focus on the spatial patterns of the 2015 snowmelt 
season. We highlight the protected areas of Mt. Rainier, Crater Lake, and Lassen Volcanic 
National Parks as case studies to investigate the spatial patterns of snowmelt timing near and 
above treeline. We discuss land management implications of early snowmelt events and how 
these may become more common with climate change. Our results will be of interest to land 
and watershed managers as they plan adaptation strategies for mitigating the effects of 
changing meteorological patters across the Cascade Mountains. 
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Introduction 
Snow is a first-order control on ecosystems, influencing energy balance, hydrology, 
geomorphic processes, flora, and fauna (Billings and Bliss 1959; Moore et al. 2014). For much 
of North America snow is seasonal, arriving in the fall and melting in the spring. Snowmelt 
timing is variable across space, with high-elevation mountains generally holding onto snow 
much later into the year than do the low-elevation foothills and prairie areas. Snowmelt 
timing is also variable across time, with interannual snowmelt changes driving responses in 
hydrology and public opinion (Butt and Bilal 2011; Tahir et al. 2011; Bellingham Herald 
2016). The Cascade Mountains of the western conterminous US is known for their deep 
seasonal maritime snowpack, expansive protected and recreational lands, and towering 
glacier-flanked volcanoes (USGS 2014; NPS 2016c). The recent years of 2014 and 2015 have 
seen earlier snowmelt than the previous decade (Dolce 2015; USDA 2015), leading land 
managers and the general public to be concerned about the cascading effects of early 
snowmelt, including stresses to municipal water supplies, and increased risk of fire and 
invasive species establishment. In this paper we describe a new method to identify snowmelt 
timing using remotely sensed snow maps, and use this product to examine recent changes in 
the Cascade Mountains, including Mount Rainier, Crater Lake, and Lassen Volcano National 
Parks from 2001-2015. 
Snowmelt timing is an important consideration in many fields including hydrology (Tahir 
et al. 2011), phenology (Totland and Alatalo 2002; Cornelius et al. 2013) (Appendix II), 
hydroelectric generation (Butt and Bilal 2011), wildfire management(Westerling et al. 2006), 
and recreation. Snowmelt timing is particularly important in the US mountain west, where 
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~70% of water supply comes from snowmelt during the spring and summer (Hall et al., 2011; 
Crawford, 2014) due to a seasonal decrease in precipitation (Mote 2003). Since the 1970s the 
US mountain west has seen an earlier arrival of spring (Westerling et al. 2006; Stewart 2009; 
Dorothy K. Hall et al. 2015), leading to changes in stream runoff, snow water equivalent 
(SWE) (Mote 2003), wildfire (Westerling et al. 2006; O’Leary et al. 2016), and plant 
phenology (Schwartz, Ault, and Betancourt 2013). Spring snowmelt timing and temperature 
are controlled by global and hemispheric climate patterns (Ault et al. 2011). Researchers 
have already observed changes in snowmelt timing related to changing climate (Stewart, 
2009; Hall et al. 2015), and projections suggest that in the 21st century snowmelt may arrive 
10-40 days earlier across the continental US (Stewart 2009). For these reasons it is important 
to identify snowmelt timing characteristics of the Cascade Mountains to support scientists 
and land managers as they investigate the relationships between snowmelt and 
environmental processes, and develop climate change adaptation strategies for the decades 
to come.  
Previous Research 
Remotely sensed measurements of snow cover have been used since the late 1960s, with 
multiple operational snow products available. Robinson et al. (2012) maintain the NOAA CDR 
dataset, which is the longest-running snow mapping product, with data available from 1966-
present. Though a very coarse resolution in the early part of the dataset, it is useful for long-
term climate studies because of the long period of record. Landsats 1 - 8 have also provided 
scientists with 80m – 15m imagery dating back to 1972 (data available from the U.S. 
Geological Survey), though challenges arise from the Landsat 16- or 18-day return period, 
shadows, and cloud interference (Rosenthal and Dozier 1996; Cea et al. 2005; Cea, Cristobal, 
and Pons 2007; Chokmani et al. 2010; Huang et al. 2011; Crawford 2014; Dorothy K. Hall et 
al. 2015). With the deployment of the MODIS instruments aboard the Terra and Aqua 
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satellites, daily snow data products were developed at NASA Goddard Space Flight Center 
using the 500-m resolution of the MODIS reflective bands, filling a gap between the available 
coarse-resolution NOAA CDR data, and high-resolution Landsat imagery with its 16-day 
temporal resolution (Hall et al., 2002; Riggs et al., 2006).  
One of the prime MODIS snow data products is the MOD10A2 8-day composite snow-
cover data product (Hall, Salomonson, and Riggs 2006). While the MOD10A2 data product 
has been widely employed, spatially explicit description of snowmelt timing is scarce. Snow 
covered area (SCA) (also called “snow cover extent (SCE) (Brown et al. 2003; Robinson et al. 
2012)), the percentage of an area of interest that is classified as snow at a given time, is a 
basic metric for research using remotely sensed snow maps. SCA changes during the 
snowmelt period are often described as two-dimensional snow depletion curves (SDCs) ( Hall 
et al. 2011; Homan et al. 2011; Butt and Bilal 2011; Moore et al. 2014; Hall et al. 2015). Our 
snowmelt timing product (STP) improves upon these depletion curves by incorporating three 
dimensions (X, Y, time), providing a spatially explicit measurement of snowmelt timing as a 
day of year (DOY), and allowing for a simple conversion to a depletion curve for any region 
of interest. This kind of spatially explicit snowmelt timing calculation has been performed in 
previous research with varying levels of success (Narasimhan and Stow 2010; Semmens and 
Ramage 2012; O’Leary et al. 2016).  
Narasimhan and Stow (2010) used the MOD10A1 daily snow-cover imagery to determine 
the first completely snow-free day of year (DOY) from 2003-2005 for the North Slope of 
Alaska. They found that cloud interference prevented them from making clear observations 
of snowmelt timing, with days to weeks of cloud cover separating snow from no snow values. 
This resulted in poor coverage for their final product, with only 6-33% of all pixels meeting 
their quality control criteria for a given ecosystem. While this product shows great promise, 
further developments are required to improve the completeness of this analysis, particularly 
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if it is to be compared to other spatially complete environmental datasets. In this paper, we 
incorporate a cloud management component into our STP to greatly improve the spatial 
completeness of the final product.  
Semmens and Ramage (2012) describe snowmelt timing using the Advanced Microwave 
Scanning Radiometer for EOS (AMSR-E), which can be used to detect melt/refreeze events at 
the snow surface. While they focus on snow surface properties rather than snow 
presence/absence, they do create spatially complete maps of snowmelt timing metrics and 
use those data to identify relationships between snowmelt timing and wildfire occurrence. 
Their success within a single large arctic watershed is expanded upon in this paper to provide 
coverage for all of North America, including Greenland and Iceland. Moore et al. (2014) used 
the MOD10A2 to calculate snow persistence, measured as the total percentage of the year 
that an individual pixel is covered by snow. They then classify the western US by persistence 
zones, representing quartiles of snow persistence (i.e. snow is present 1-25%, 26-50%, etc. 
of the year). Their work describes spring snowmelt within the context of persistence zones, 
and within this paper we build upon their concept by clearly defining the DOY for snowmelt 
timing.  
O’Leary et al. (2016) use the NOAA CDR dataset to define a new snowmelt timing method 
that they use to compare with wildfire annual area burned. While it is a fairly simple approach 
using the cloud free and coarse-resolution CDR dataset, their study is the first to manage 
spring snow events as ecologically relevant “noise” in the snowmelt signal. Their method of 
controlling for late-season snow events is improved upon in our analysis here. These papers 
make important strides in creating a spatially explicit definition for snowmelt timing, and we 
build upon their efforts to create an intuitive product through which we can explore the 
snowmelt timing of the Cascade Mountains. 
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Plant Phenology as Analogue 
Much of the development of snowmelt timing analysis may be attributed to 
advancements in the remote sensing of plant phenology. Vegetation phenology researchers 
have been identifying DOY for phenological indicators using remotely sensed time series 
imagery for over a decade. (P. Jönsson and Eklundh 2004) developed the TIMESAT program 
for analyzing TIME-series SATellite data, with a particular focus on normalized differential 
vegetation index (NDVI) data. Their work led to interesting comparisons between phenology 
indicators, snow dynamics, and tree lifecycles (A. M. Jönsson et al. 2010). Further 
developments led to regional and global plant phenology datasets, which provide a spatially 
explicit definition of phenology metrics, such as the onset of spring green-up, as a DOY value 
within a gridded product (Zhang, Friedl, and Schaaf 2006; Ganguly et al. 2010; Tan et al. 2011; 
Ault et al. 2015). These plant phenology spatial products allow researchers to extract 
phenological data for a particular area of interest without going through the complex process 
of time-series analysis of remotely sensed images. Additionally, these products describe 
differences within a study area (e.g. a low valley experiencing spring green-up weeks before 
the surrounding mountains) which are lost when analyzing an area as a whole (as in SDC 
creation). This concept is as the heart of the STP, where we seek to first develop a gridded 
snowmelt timing product, then extract the data from the area of interest, rather than 
specifying the research extent and deriving snowmelt information for that area only (as is the 
typical approach). Additionally, by creating spatially explicit snowmelt timing maps we 
identify particular features within our study areas (e.g. valleys, glaciers) that experience 
snowmelt timing anomalies, improving upon established snowmelt timing methods.  
Snowmelt timing controls plant phenology (Totland and Alatalo 2002; Cornelius et al. 
2013) (Appendix II) and other ecological processes, therefore there is a need for a gridded 
snowmelt timing product for straightforward comparison with currently available ecological 
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data. Conventional snowmelt timing quantification (SDCs, stream gauges) are not spatially 
explicit, and are influenced by ephemeral snow events (SDCs) and precipitation as water 
(stream gauges). For this research we align our snowmelt timing analysis with recent 
advancements in remote sensing and plant phenology to support an ecologically relevant 
discussion of recent snowmelt events of the Cascade Mountains.  
Methods 
Study Area 
The Cascade Mountains of the western conterminous US are part of a volcanic cordillera 
stretching from central Washington, through Oregon, and into northern California. At 36 
million years old the Cascade Mountains are relatively young, and are still actively rising as 
the Juan de Fuca and Gorda tectonic plates are subducted beneath the North American 
tectonic plate. This movement folds the Earth’s surface into the steep, jagged peaks of the 
Cascade Mountains, and develops a number of stratovolcanoes including Mt Rainier, Mt 
Lassen, and the caldera of Crater Lake (formerly Mt. Mazama) (USGS 2014). For this study we 
define the Cascade Mountains per EPA Level III ecological region (EPA 2015). 
The Cascade Mountains contains many protected areas, including national parks, 
designated wilderness areas, USDA Forest Service land, national recreation areas, reservoirs, 
state parks, private, and other lands. In this study we focus on the National Park Service lands 
of Mt Rainier (MORA), Crater Lake (CRLA), and Lassen Volcano (LAVO) national parks for a 
number of ecological and management reasons. First, these parks are emblematic of the 
Pacific Northwest, often described as the “crown jewels” of the region. Second, these 
protected areas are the sites of active and long running ecological investigation and 
monitoring sponsored by Federal agencies, non-profits, and academic institutions (NPS 
2016c; NPS 2016b; NPS 2016a). Third, these high-elevation areas are considered to be 
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particularly vulnerable to climate change (Rangwala and Miller 2012), and many at-risk 
species call these volcanoes home. Finally, these three study areas describe distinctly 
different environments, with the massive glaciers of Mt Rainier contrasting with the high-
alpine lake of Crater Lake, and the drier California climate of Lassen Volcano.  
For this research we define the Cascade Mountains using the EPA Level III EcoRegion 
“Cascades” (EPA 2015). NPA boundaries are defined using the NPS shapefile available from 
https://data.gov. There are 25km2 of CRLA that lie outside of the Cascade polygon (visible in 
Figure 2) this area is included as a part of the Cascade region for the purposes of this analysis. 
For extracting information from the STP raster product we projected all EPA and NPS 
polygons to NAD 1983 UTM 10 N, then converted each polygon to a raster matching the 
resolution and position of the STP raster, selecting all cells that fall 50% or more within the 
polygon boundary. 
MOD10A2 Data Product 
We developed the STP by conducting a time-series analysis of the MOD10A2 data 
product, therefore it is important to understand the characteristics of this parent material. 
The MOD10A2 in Version 5 is a MODIS-derived 8-day composite snow-cover data product 
from the Terra satellite, developed by NASA and archived and distributed by the National 
Snow and Ice Data Center (NSIDC). This multi-day product was motivated by the persistence 
of cloud cover in the MOD10A1 daily product, obscuring many of the daily readings. For each 
MOD10A2 8-day composite image a single day of snow presence is reflected in the composite 
as a snow-covered pixel representing the maximum snow cover during that 8-day period 
(Riggs and Hall, 2016). While this is helpful for determining snow presence in cloudy areas, 
this also results in a snow value reported for areas that experience a brief snow event, with 
perhaps only a single day of snow present within the 8-day composite. For this reason, snow 
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is often temporally overrepresented in the MOD10A2 composite images ( Hall and Riggs 
2007). Conversely, ephemeral snow can be missed because of persistent cloud cover. A better 
product than MOD10A2 is the cloud-gap-filled (CGF) daily product in Version 6 to be available 
sometime late in 2016. 
The MOD10A2 data product comes as an 8-day composite image with the day of year 
(DOY) for the first day of the composite indicated within the filename. DOY always begins 
January 1, with leap years accounted for with DOY 361 which extends into the following year, 
leading to some overlap between DOY361 and the following DOY 001 (Riggs and Hall, 2016). 
All analyses for the STP occur on the 8-day time step inherent in the product. 
We obtained the MOD10A2 data from the http://nsidc.org FTP servers in the native HDF4 
format and converted the HDF4 files into GeoTiff images using the Geospatial Data 
Abstraction Library (GDAL.org 2015). We then calculated snowmelt timing (described 
below) using custom python scripts controlling ArcMap 10.3. All analyses were conducted in 
the data’s native custom Sinusoidal projection. After processing, we converted the SMT to 
NAD 1983 UTM 10 N, a better projection for this region of interest. 
Temporal Range 
The MOD10A2 data product begins Year 2000, DOY 057. While it would be possible to 
evaluate snowmelt timing for this year, the resulting product would be missing all values 
before DOY 073 (because it takes a minimum of three tiles to determine snowmelt). For this 
reason, the year 2000 is omitted from the STP. 
Our STP begins DOY 001 and continues through the MOD10A2 image for DOY 249 
(September 6). These dates are configured for the Northern Hemisphere where DOY 001 will 
often already have snow present in seasonal snow zones (Moore et al. 2014), with snow 
continuing to melt in the high peaks into September. If snow is not present on DOY 001, 
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subsequent snow events are detected and their melt will be recorded appropriately. An 
exception is made for late-season snow events as detailed below in Late Season Snowfall. 
Snow presence indicated in DOY 121 may in fact be present until DOY 128. Due to this 
artifact DOY reported in the STP may be up to 8 days earlier than the actual on-the-ground 
snowmelt. This is relevant when comparing this product to other data with higher temporal 
resolution such as Snow Telemetry (SNOTEL) station data, as shown below in SNOTEL 
Validation. 
Cloud Interference 
To manage cloud-obscured MOD10A2 images we temporally interpolated the dates 
between the last observed snow cover and the first observed snow-free date (Table 1). We 
recorded cloud interference as the number of consecutive 8-day composite images that were 
cloud-covered +1. Pixels with more than four consecutive cloud-obscured images between 
snow and no snow are omitted due to lack of confidence. 
To define snowmelt, we record the DOY for the first snow-free image following snow 
cover, or a mixture of clouds and snow cover (Table 1). For the best-case scenario (Case 1, 
Table 1), we see two pixels of snow preceding one pixel of no-snow. The second-best case 
shows a pixel of clouds, followed by one pixel of snow, followed by no-snow. Early iterations 
of the STP calculation did not include this case and had severely degraded quality in 
mountainous regions. Subsequent cases show clouds separating the snow and no-snow 
pixels, demanding temporal interpolation for the snowmelt DOY, and indication in the cloud 
interference image.  
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Table 1 - Explanation of snowmelt and cloud interference logic for each pixel. Case 
describes the series of consecutive MOD10A2 image values. Snowmelt DOY is the resulting 
value in the STP. All DOY values are relative to the DOY of the no-snow MODIS image. Cloud 
Interference values represent the number of temporally-interpolated images+1 (e.g. Case 3 
shows one cloud-covered 8-day composite image between clear snow and no-snow images, 
therefore the cloud interference value is: 1 interpolated week + 1 = 2).  
 
Case Snowmelt 
DOY 
Cloud 
Interference 
1) Snow, Snow, No-Snow DOY 1 
2) Cloud, Snow, No-Snow DOY 1 
3) Snow, Cloud, No-Snow DOY-4 2 
4) Snow, Cloud, Cloud, No-Snow DOY-8 3 
5) Snow, Cloud, Cloud, Cloud, No-Snow DOY-12 4 
6) Snow, Cloud, Cloud, Cloud, Cloud, No-
Snow 
DOY-16 5 
 
Late-season Snowfall 
Snowstorms occurring weeks to months after the main snowpack melt are common in 
North America, and can result in ephemeral snow cover lasting for hours to a few days 
(Crawford 2014). While they do contribute appreciable water to the ecosystem, they are not 
the seasonal indicator and hydrologic input that we seek to capture in the STP. To remove 
late-season snowstorms we disregard any snow readings that occur following a 48-day 
period without snow (six consecutive 8-day composite images) beginning on DOY 57 or later. 
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Without this correction, late summer snow events overwrite the spring snow signal in the 
STP. This occurs occasionally in the mountain west, and frequently in the Arctic. 
Corrupted Data 
We observed three dates with missing data: Year 2001, DOY 169; Year 2001, DOY 177; 
and Year 2008, DOY 113. Year 2001, DOY 169 is missing completely from the NSIDC.org 
servers. Year 2001, DOY 177 is missing half of the tiles covering our region of interest. In an 
effort to fill in this gap in the record we took the preceding image (DOY 161) and copied it in 
place of DOY 169. We also took the following image (DOY 185) and copied it in place of DOY 
177. In this way we interpolate snow presence values for this period. For Year 2008, DOY 113 
only tile h09v05 is missing. For this case we copied the following image (DOY 121) for h09v05 
only in place of the missing tile. The MOD10A2 product is known to over-estimate snow 
presence, and by copying the later image we err on the side of less snow presence, therefore 
these two biases should self-mitigate to some extent.  
SNOTEL Validation 
To evaluate how the STP compares to in-situ observations we compared the STP with 
SNOTEL stations across the western United States. “Ground truthing” remotely sensed data 
is an essential part of the development and validation process, and SNOTEL measurements 
have been used to validate MODIS snow products since their inception. Agreement between 
SNOTEL records and MODIS-based snow products in generally in the range of 80% to 94% 
(Klein and Barnett 2003; Brubaker, Pinker, and Deviatova 2005; Dorothy K. Hall and Riggs 
2007), though agreement can vary throughout the year (Brubaker, Pinker, and Deviatova 
2005). Because MODIS and SNOTEL have a high agreement for determining snow presence 
we compare our remotely sensed STP with snowmelt timing calculated from the in-situ 
SNOTEL stations. 
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First, we obtained the full SNOTEL record for all stations for all years. SNOTEL data used 
in this research were obtained directly from the United States Department of Agriculture, 
Natural Resource Conservation Service (http://www.wcc.nrcs.usda.gov/snotel/). To assign 
a snowmelt timing DOY for each SNOTEL station (SNOWDOY) we performed an analysis 
designed to mimic the calculations of the STP. We assigned a Snow Water Equivalent (SWE) 
of 10cm to be the snow/no-snow threshold for this comparison. We used an 8-day rolling 
maximum value window to identify if, at any point in the 8-day window, there was a SNOTEL-
reported SWE of greater than 10cm. We compared this with an identical 8-day rolling 
window scanning 8 days later than the previous window. We defined the SNODOY where 
DOY:DOY+7 were all below the SWE threshold, and at least one day from DOY-8:DOY-1 were 
above the SWE threshold. This analysis was performed on a daily time step to match the 
temporal resolution of the SNOTEL data, which results in a SNODOY where DOY-8>SWE 
threshold and DOY:DOY+7<SWE threshold.  
Comparing the SNODOY with the STP we must consider their difference in temporal 
resolution. In the best-case the STP DOY value (8-day resolution) is derived where there is at 
least one snow-covered day in the preceding image, and no snow-covered days in the DOY 
image. This means that the snowmelt may have occurred any time during the preceding 8-
day composite image, because a single day of snow presence anywhere in the 8-day 
composite is shown as snow. By comparison, the SNODOY is calculated on a daily basis, 
therefore the transition from SWT>10cm to SWE=<10cm always occurs from DOY-8 to DOY-
7. In this way the SNODOY always reports the DOY 8 days after the actual transition that we 
identify, whereas the STP may indicate DOY anywhere from 1 to 8 days after the actual 
snowmelt (Table 2). Due to this artifact we would expect to see an average STP-SNODOY=-4. 
For all years we discarded any SNOTEL station that had zero snow according to either 
SNODOY or STP.  
 27 
Table 2 - Examples of the differences in the STP and SNODOY results. In ideal, clear 
conditions the STP reports snowmelt within 8-day ranges (001, 009, 017, 025, etc), whereas 
the SNOTEL stations allow for a daily time step. 
Actual Snowmelt Occurs STP SNODOY 
DOY = 001 009 009 
DOY = 003 009 011 
DOY = 005 009 013 
DOY = 007 009 015 
DOY = 009 017 017 
 
Analysis and Subsetting 
We divided our study area into four sections, the Cascades as a whole, and MORA, CRLA, 
and LAVO National Parks. For each section we mapped the snowmelt patterns in and 
extracted the SMT DOY values for each pixel for a more detailed analysis. Within ArcMap 10.3 
we visually analyzed snowmelt patterns for each region. We also calculated a mean snowmelt 
timing for pixels with at least eight years of coverage, and found the 2015 snowmelt anomaly 
(per pixel). We calculated SDCs for each region in R 3.2.3.  
Results 
The year 2015 melted earlier than the previous 14 years across the Cascade Mountains 
as a whole, and within each of the three national parks highlighted in this research. The SMT 
is a smooth surface that shows how snowmelt timing gradually changes across the landscape, 
with low elevation areas and the arid lands east of the mountains melting earlier than the 
crest and volcanoes of the Cascade Mountains (Figure 1). The year 2015 shows a generalized 
early melt, with much of the Cascades melting weeks earlier than the 15-year mean snowmelt 
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DOY. The southern extent of the Cascade Mountains in Northern California shows the greatest 
snowmelt timing difference with widespread areas melting 50-70 days earlier than the 15-
year mean. As we focus on each park we see that 2015 melts weeks earlier than the 15-year 
mean, however the highest elevations show a lesser difference than the lower elevation areas 
around the volcanoes (Figure 2). 
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Figure 1 - Overview of STP for the entire Cascade Mountains including outline of Cascade 
EcoRegion (thick black line) and state boundaries. Mean STP from 2001-2015, 2015 alone, 
and 2015-Mean are shown from left to right.  
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Figure 2 - Close up maps for MORA, CRLA, and LAVO National Parks (top to bottom), 
showing 2001-2015 mean STP, 2015 STP, and 2015-mean (left to right). The year 2015 
shows obviously early snowmelt for most of each park, however the lower-elevation areas 
surrounding the volcanoes shows a greater difference than the high-elevation areas within 
the national parks. Note that the Cascade Ecoregion boundary is visible in the CRLA plots, 
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shown as a thin curving line intersecting the southeast corner of the rectangular boundary of 
the park. 
Snow Depletion Curves SDCs for the Cascades and national parks show that 2015 melts 
earlier than all other years across the melt season (Figure 3). For each region 2015 has an 
earlier initial melt, earlier complete melt, and a lower SCA than all other years for the entire 
melt season.  
 
Figure 3 - SDCs for the Cascade Mountains, MORA, CRLA, and LAVO. Mean SDC is 
calculated as the mean of all SDCs from 2001-2015, not from the mean STP image. The year 
2015 (dark orange) is clearly the earliest melt of all years for all regions, with and earlier 
initial melt and earlier complete melt than all other years. Note, x-axis is focused on melt 
season for each region. 
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Comparison between the STP and SNODOY reveals a high level of agreement (Figure 4). 
The annual mean errors have a bell-shaped distribution, however do not pass the Shapiro-
Wilk test for normalcy. Still, the mean error centers around -4, as expected given the 
calculation differences between the STP and SNODOY. 
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Figure 4 - Histograms describing the errors between the STP and SNOTEL stations. Errors 
are calculated by subtracting the SNOTEL melt DOY from the STP DOY. Errors are fairly 
normally distributed with a mean below zero, as is expected from the SNODOY algorithm. 
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Discussion 
Snowmelt Timing Algorithm 
Our method identifies the transition from snow to no snow on a pixel-by-pixel basis by 
scanning through the time series MOD10A2 images. When a pixel changes from snow to no 
snow, the DOY for the no-snow image is stored as an integer value within the STP (Table 1). 
In situations where clouds obscure the entire 8-day MOD10A2 composite, the MOD10A2 
images has a cloud value represented. 
MOD10A2 snow presence determination is derived from the Fractional Snow Cover (FSC) 
product using a 50% snow-covered area (SCA) threshold. This SCA is in turn derived from a 
cloud-masked normalized difference snow index (NDSI). As the MODIS imagery goes from an 
NDSI to a SCA to the MOD10A2, to our newly developed STP, we see the information distilling 
into increasingly applicable and detailed products, with compounding limitations. There are 
a number of complicating factors when trying to determine snowmelt DOY. First, the 
assumptions and structure inherent in the parent MOD10A2 product propagate into this 
snowmelt timing product and must be accounted for in its design. Second, clouds often 
obscure snowy landscapes during spring snowmelt, degrading the accuracy of the snowmelt 
timing calculation. Third, late spring storms may bring an ephemeral snow cover that is 
observed in the MOD10A2 product weeks or months after the main snowpack departure, 
complicating the automation of snowmelt definition. We manage each of these complications 
within the algorithm logic to create a robust and representative STP. In spite of these 
numerous complications with defining snowmelt timing, our dataset offers an intuitive, 
ecologically sensible, and easy to employ product for environmental analysis. 
SNOTEL Validation 
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Comparison of the STP and SNOTEL locations shows strong agreement. The variability of 
the errors (Figure 4) emphasizes the patchy nature of snowpack, especially during snowmelt. 
Because the STP is ultimately derived from a fractional snow-cover product, snowmelt is 
determined using the 50% SCA threshold. Snow patches, even when covering less than 50% 
of the land surface at MODIS resolution, may retain significant amounts of water that is 
captured by the SNOTEL SWE measurement. These findings agree with other papers that 
discuss the difficulties in comparing snow measurements of varying spatial resolutions (Klein 
and Barnett 2003; Brown, Brasnett, and Robinson 2003; Simic et al. 2004; Brubaker, Pinker, 
and Deviatova 2005). Additionally, adjusting the 10cm SWE threshold that we selected may 
change the comparison results. 
Cloud interference is not a problem for SNOTEL locations, as SWE observations are 
conducted using a pressure transducer. Still, errors may arise from instrument failure or poor 
calibration. Additionally, a late-season snow event may influence the SNODOY much like the 
STP (Crawford 2014) , however these errors are not accounted for in the SNODOY calculation.  
2015 Snowmelt 
The year 2015 had a widespread early snowmelt event across the Cascade Mountains. 
While traditional snowmelt timing methods (SDCs, stream gauges, SNOTEL SWE readings) 
give quantitative evidence of an early snowmelt, they are generalizations about an area using 
either point sampling (SWE) or mean measurements across and area (SDCs, stream gauges). 
Developing and using the STP allows us to interpret specific regional and landscape features 
that experience different snowmelt characteristics, and allows for a simple conversion to 
SDCs for any region of interest. 
The year 2015 has an earlier initial melt, an earlier complete melt, and a lower SCA 
throughout the entire melt period for each region of interest (Figure 3). When we look at the 
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STP for the Cascade Mountains and each national park we see that the snowmelt anomaly in 
days is not consistent across the landscape. Indeed, the interior regions of eastern 
Washington, Oregon, and northeastern California all show a greater anomaly than the 
Cascades Mountains (Figure 1). Some mountain ecosystems have been found to experience 
greater warming from climate change than the global average (Rangwala and Miller 2012), 
however our results show that for the early snowmelt event of 2015 the highest elevation 
areas within the national parks experiences less of an early snowmelt anomaly than the 
lower-elevation slopes surrounding the volcanoes. This is important for several reasons, 
including that increased temperatures from climate change are expected to increase fire 
activity at and above treeline and in alpine areas (Schoennagel 2007), and early snowmelt 
timing is known to increase fire activity in many ecosystems (Westerling et al. 2006; 
O’Leary et al. 2016). Still, snowmelt anomaly measured in days may not reflect the same 
ecological impact across all elevations. Further research may wish to look at the ratio of 
snowmelt anomaly to growing season length, or other measurements that may be used to 
scale the impact of the anomaly. Furthermore, lower elevations may have less of an ecological 
connection with snowmelt than do high-elevation areas, decreasing the significance of the 
snowmelt anomaly. 
During the spring and summer of 2015 the areas above and around treeline experience 
less of a snowmelt anomaly than the forested areas surrounding the volcanoes, suggesting 
that perhaps this would lessen the impact of fire in the alpine zone. Indeed, CRLA experienced 
its greatest annual area burned on record in 2015 as two lightning strikes started fires within 
a few miles of the park boundary (one in the park, one in the adjoining forest). These fires 
burning in the timber in the northwest part of the park and gradually gained elevation as they 
moved east towards the crest of the Cascade Mountains. These fires were fought with full 
suppression tactics (InciWeb 2016), certainly reducing the area burned and possibly 
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preventing these fires from moving into the alpine vegetation, therefore we cannot deduce 
from that particular fire if these snowmelt anomalies would increase fires in the alpine zone. 
Still, it is notable that the park’s largest fire year on record was by far the earliest snowmelt 
since 2001.  
Another important factor regarding the differences in relative elevation and snowmelt 
anomaly is that persistent snowcover deters many invasive plant species, and as climates 
change these species are expected to increase in elevation to occupy what is currently habitat 
for native alpine species. If 2015 is a sign of changes to come, these changes may come much 
faster to lower-elevation valleys and foothills rather than the alpine areas. Snowcover is a 
first-order control on energy balance through the mechanism of land surface albedo. Because 
lower-elevation areas cover the majority of the land surface of all mountain ranges, an 
increased snowmelt anomaly at low elevations will lead to a rapid change of albedo across 
large areas, altering the energy balance more than the small contribution of the high-
elevation mountains and volcanoes. 
Conclusions 
Using the MOD10A2 data package as parent material, we developed new snowmelt timing 
maps (the STP) for the North American continent from 2001-2015. We validated the STP 
against in-situ SNOTEL monitoring locations located throughout the western United States, 
which proved to have strong agreement. Comparing snow years from 2001-2015 we 
calculated SDCs for the Cascades as a whole, and for Mt Rainier, Crater Lake, and Lassen 
Volcanic National Parks, identifying snowmelt trends, and classifying 2015 as the earliest 
snowmelt for all regions.  
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Limitations 
There are numerous limitations involved in the application of this product. Of primary 
concern is the 8-day resolution of this product, which is further compromised by cloud 
interference, particularly in mountain and Arctic regions. This resolution differs from the 
daily or hourly resolution available using meteorological stations (SNOTEL). Still, when 
investigating large areas, particularly if averaging snowmelt DOY values, the fairly coarse 
temporal resolution is smoothed by the many points available from the moderate spatial 
resolution.   
The STP currently covers only North America, Greenland, and Iceland. Extrapolating this 
technique to northern Europe should be straightforward considering the similarity of the 
seasonal snow dynamics. Applying this method to the Southern Hemisphere or the Central 
Asian Mountains may prove to be difficult as the temporal range (DOY 001: DOY 249) may 
not reflect the local snowpack cycle.  
The temporal range of MODIS data availability limits our analysis to the past 15 years. It 
is impossible to identify long-term trends using such a short period of reference. Short-term 
and decadal climate oscillations are not adequately captured in this period, therefore we are 
limited to identifying particular snowmelt anomalies. It is possible that the early snowmelt 
timing of 2015 is part of one of these natural climate oscillations, though it is a clear indication 
that the increasing temperatures that we have seen in the past decades can lead to snowmelt 
anomalies such as 2015, and continued increase in temperature may make 2015 less of an 
anomaly and more of a typical scenario.  
Further Investigation: 
As years pass and the MODIS data record grows, continued spatial monitoring of 
snowmelt timing in the Cascade Mountains will benefit scientists and land managers as they 
 39 
monitor snowmelt dynamics and plan adaptation strategies for the decades to come. Further 
research may seek to pair specific ecosystem types with snowmelt anomalies to identify if 
particular ecosystems experience characteristic snowmelt patterns. As plant phenology 
products continue to improve, research such as Appendix II could investigate 
snowmelt/phenology on a per-pixel basis, rather than taking the mean value for CRLA as a 
whole.  
Development of the STP will yield further insight into quantifying snowmelt timing. The 
STP is currently limited to an 8-day resolution stemming from the MOD10A2 parent data. The 
authors look forward to the full release of MOD10 Collection 006, which will include a daily 
“cloud-gap-filled” product (Hall et al., 2010; Riggs and Hall, 2016). Further development of 
the STP using a daily parent dataset that has been rid of cloud coverage could dramatically 
improve temporal resolution. Improving explicit reporting of details such as cloud coverage 
and late-season snow events may benefit certain users who demand specific criteria for 
ecological modeling. Expanding the spatial domain of this dataset into a global data product 
is trivial from a computational standpoint, but would require specialists from around the 
world for validation and harmonization with local snow cycles. In-situ monitoring of 
snowmelt would provide an improved validation dataset, though may be expensive. Finally, 
collaboration with researchers in many fields will yield insights into potential improvements 
or elaboration that would benefit further iterations of the STP. 
By defining a new method for creating spatially-complete snowmelt timing maps and 
implementing those to investigate spatial and temporal patterns of snow cover loss we have 
developed a new and dynamic way to quantify snowmelt. Our methods and results will be of 
interest to many fields including hydrology, cryosciences, earth energy balance, and 
phenology, among others. While our methods do have limitations, these are overcome by the 
utility of a gridded snowmelt timing product, and the moderate spatial resolution inherent in 
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MODIS data. Land managers, scientists, and the general public will keep a close eye on 
snowpack dynamics of the Cascade Mountains in the decades to come, and here we have 
established a baseline for snowmelt dynamics of the twenty-first century. 
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Chapter II - Snowmelt timing influences area burned across multiple 
ecosystems 
Donal O’Leary III, Michael Medler, Robin Matthews, Aquila Flower 
Abstract 
Wildfire is a serious management problem across the US mountain west. There are 
numerous climatic and managerial forces that influence wildfire area burned, and snowmelt 
timing has long been hypothesized to be a contributing factor, though there is little in the 
literature to support this claim. Building upon previous climate-fire research, and employing a 
recently developed method for defining snowmelt timing using remotely sensed imagery, we 
investigate this problem at an unprecedented 500m resolution. We use the new MODIS-based 
snowmelt timing product (STP) and the Monitoring Trends in Burn Severity (MTBS) fire 
perimeter data to identify relationships between snowmelt timing and annual area burned for 715 
of the NatureServe ecological systems of the US mountain west. We identify specific ecological 
systems, including many Rocky Mountain forested areas, that exhibit an intuitive negative 
relationship where an early snowmelt leads to increased annual area burned. Conversely, several 
xeric and fine-fuel ecological systems demonstrate a positive relationship where a late snowmelt 
leads to increased area burned. We also identify 1-year lagged relationships where snowmelt 
timing influences the following year’s fire season. Interestingly, the only ecological system that 
shows significant same-year and 1-year lagged relationships is the southern Rocky Mountain 
lodgepole pine (Pinus contorta var. latifolia Engelm.) forest, well known for its evolutionary 
adaptations for frequent fires. Finally, we consider how these patterns may evolve as climate 
change impacts snow across the continent, and we suggest improvements for further research. 
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Our results will be of interest to fire and land managers as they plan for the upcoming fire 
season, as snowmelt timing information is available several months ahead of fire season, 
providing a valuable operational advantage over the typical climatic factors of interest.  
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Introduction 
Fire is an important driver of ecosystem processes. Understanding the role of climatic 
variability in determining the timing and extent of fires is crucial for forecasting future changes 
in wildfire dynamics. Climate is correlated with fire dynamics at temporal scales of hours, days, 
years, decades (Medler, Montesano, and Robinson 2002; Westerling et al. 2006; Higuera et al. 
2015) centuries (Heyerdahl, Morgan, and Riser 2008; Morgan, Heyerdahl, and Gibson 2008; 
Calder et al. 2015; Higuera 2015), and even millennia (J. R. Marlon et al. 2009; Jennifer R. 
Marlon et al. 2012). While fires may occur in any given year, many of the ecological effects of 
fire occur during years in which fires occur synchronously over large areas in response to 
specific climate conditions (Heyerdahl, Morgan, and Riser 2008; Morgan, Heyerdahl, and 
Gibson 2008). Winter climate variables are known to have a strong influence on the following 
season’s area burned for different ecological provinces of the US mountain west, although little 
research has been done concerning snowpack specifically (Littell et al. 2009). The timing of 
spring snowmelt has also been suggested as a potentially important driver of synchronous fire 
years (Medler, Montesano, and Robinson 2002; Bellingham Herald 2016), but the strength and 
direction of this relationship remains unclear for many regions (Westerling et al. 2006; O’Leary 
et al. 2016). In this paper we employ a new snowmelt timing dataset to identify relationships 
between snowmelt timing and annual area burned for 715 ecological systems of the US mountain 
west, providing context and recommendations for land managers as they plan adaptation 
strategies in the face of climate change. 
Climate correlates of fire include air temperature, relative humidity, fuel moisture 
content, PDSI, growing degree days, potential evapotranspiration, and spring runoff timing, 
among others (Swetnam and Betancourt 1998; Westerling et al. 2006; Heyerdahl, Morgan, and 
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Riser 2008; Morgan, Heyerdahl, and Gibson 2008; Higuera et al. 2015). While it is suspected 
that anthropogenic effects are driving an increase in wildfires (R Barbero 2015), these same 
climate-fire links have been found in the paleorecord where rapid climate change was found to 
cause a heightened fire activity, even before anthropogenic climate disturbances (J. R. Marlon et 
al. 2009). Changing climates alter fire regimes, and this shift can lead to changes in species 
distributions and ecological system structure (Schrag, Bunn, and Graumlich 2008). The US 
mountain west is vulnerable to the effects of climate change as it includes hundreds of protected 
areas, unique ecosystems, and endemic species. In this paper we identify significant correlations 
between snowmelt timing and annual area burned for many ecological systems of the US 
mountain west. We then discuss the possible mechanisms driving these correlations and the 
ecological impact of snowmelt anomalies. The results described herein may be of great value to 
land managers seeking to mitigate the effects of climate change and plan adaptation strategies for 
the decades to come. 
The US Mountain West 
Wildfire is a serious management issue across the US mountain west. Half of the western 
United States is federally managed land (Vincent, Hanson, and Bjelopera 2014), and federal land 
managers invest heavily in wildfire operations. Federal fire suppression costs have steadily 
increased since 1985, with 2015 being the most expensive year on record at $2.13 billion 
(National Interagency Fire Center 2016). Managing these costs is a constant challenge, as fires 
are difficult to predict and logistics are complex. As climates change, experts expect an increase 
in wildfire across broad expanses of western North America (Westerling et al. 2006; Littell et al. 
2009; J. R. Marlon et al. 2009; Higuera et al. 2015). This may lead to an increase in management 
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costs and complexity, and land managers will need science-based information to support their 
planning for upcoming fire seasons. 
The US mountain west as a whole is a common study area for climate/fire interactions 
(Medler, Montesano, and Robinson 2002; Westerling et al. 2006; Jennifer R. Marlon et al. 2012). 
The mountain west is emblematic for the nation as it contains the majority of its resource-based 
protected areas and many charismatic species. Snowmelt timing is the dominant factor 
controlling hydrology in the US mountain west where ~70% of available water comes from 
spring snowmelt (Dorothy K. Hall et al. 2011; Crawford 2014). Beginning in the 1970s the US 
mountain west has experienced an earlier spring timing (Westerling et al. 2006; Stewart 2009; 
Dorothy K. Hall et al. 2015) and this has had cascading ecological consequences including a 
decrease in snow water equivalent (SWE) (Mote 2003) and increased fire activity (Westerling et 
al. 2006; O’Leary et al. 2016). Land managers and other stakeholders of the US mountain west 
are concerned about the impacts of these changing hydrological and fire regimes may have on 
their resources (Appendix II). 
Of course, the US mountain west is not homogeneous, but a diverse mosaic of ecological 
systems specific to climatic, topographic, and cultural controls. To better discern how these 
relationships change with different ecological systems we divide our study ecoregions into 
ecosystem types based on Environmental Site Potential (ESP) (NatureServe 2009). ESP is 
preferred to a static remotely sensed vegetation classification because it defines the ideal climax 
ecosystem given physical and bioclimatic factors and is therefore resilient to disturbance events 
over short time scales (Comer 2003; NatureServe 2009; Dillon et al. 2011; Higuera et al. 2015). 
In this way we are able to isolate climate/fire relationships to specific regions and ecosystems.  
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As we face a changing climate there is a growing need for adaptation planning for the 
impacts of wildfire in the US mountain west. Understanding the mechanisms driving climate/fire 
interactions is critical for planning adaptation strategies for climate change (Swetnam and 
Betancourt 1998; Fried, Torn, and Mills 2004; Westerling et al. 2006; Heyerdahl, Morgan, and 
Riser 2008; Morgan, Heyerdahl, and Gibson 2008). In this paper we identify snowmelt-fire 
relationships for specific ecological systems of the US mountain west from 2001-2013. We then 
discuss fire management implications for these ecosystems and identify potential risks in the face 
of a changing snowpack dynamic (Stewart 2009). Finally, we identify limitations within this 
research and suggest further investigations using this framework.  
Methods 
Study Area 
Our area of interest for this investigation is the conterminous US mountain west. To 
divide this region into ecologically meaningful areas we use the LANDFIRE mapping zones 
(available from LANDFIRE.org) (Figure 5). Though the political boundaries of the international 
borders with Canada and Mexico do not serve as real ecological boundaries, fire and ESP data 
are inconsistent across these borders (NatureServe 2009; USDA 2014), and therefore restrict the 
extent of this investigation. 
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Figure 5 - Overview of study area, including US western states and LANDFIRE Mapping 
Zones. Each mapping zone contains several to dozens of ecological regions, each of which is 
independently analyzed herein. 
Data Sources 
We determined snowmelt timing using the Snowmelt Timing Product (STP) (Chapter I). 
We divided our study rea into vegetation classes using the Environmental Site Potential (ESP) 
(Comer 2003; NatureServe 2009) available from LANDFIRE.org. For area burned we used 
Monitoring Trends in Burned Area Boundaries dataset (USDA 2014). For both the EPA 
Ecoregions and the MTBS fire polygons we converted each to a raster product matching the cell 
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borders and resolution of the STP. We used ArcMap 10.3 to extract raster data to CSV files, 
which we then analyzed in R (r-project.org).  
Prior to analysis we converted all data to our custom Lambert Conformal Conic 
projection with Central Meridian = 112.5° W, Standard Parallel 1 = 29.5° N, and Standard 
Parallel 2 =49.5° N. This projection was selected to minimize shape distortion throughout the 
study region. Furthermore, we resampled all data to match the SMT MODIS grid resolution of 
500m, using a majority resampling technique, and co-registering all products with the SMT grid 
as transformed from the native MODIS custom sinusoidal projection using the snap raster 
technique in ArcMap10.3.  
To prepare ESP data we first joined the associated CSV table from LANDFIRE.org to 
join value with the ESP image. This table contains a field specifying the ecological system for 
each cover type, based on the NatureServe ESP definitions (NatureServe 2009). This table also 
matches each cover type to a LANDIFRE mapping zone, and we use these zones to divide 
similar ecological systems along mapping zone boundaries. With this completed, we analyzed 
each ecological system discretely using the ESP types within a given mapping zone as a single 
entity. Each ecological system therefore represents an ecologically distinct area with an 
ecoregion.  
Statistical Analyses 
For this analysis we separated the western United States into ecologically significant 
regions to identify variation in snowmelt/fire interactions across space and ecosystem types. We 
used EPA ecoregions and vegetation layers to subdivide our study area, and we used these 
divisions to sample raster values for our variables of interest. To avoid the artificial P-value 
inflation presented by spatial autocorrelation we found the mean values for variables of interest 
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using these ecological divisions (Littell et al. 2009; Dillon et al. 2011; Higuera et al. 2015; 
O’Leary et al. 2016). 
For each ecological system within each mapping zone we calculated the annual area 
burned and mean snowmelt timing for years 2001-2013. We then compared annual area burned 
with mean snowmelt timing for the period of record using a Spearman’s rank correlation. 
Finally, we calculated a Spearman’s rank correlation for a 1-year lag, using the snowmelt timing 
data from 2001-2012 and the annual area burned from 2002-2013 to identify relationships for the 
year following snowmelt anomaly (e.g., what influence does 2011’s snowmelt have on 2012’s 
area burned?). 
Results 
Spearman’s rank correlation calculations show that different ecological systems of the 
US mountain west have different responses to snowmelt timing. Negative relationships show 
areas where an early snowmelt timing leads to an increase in area burned (Figure 6, in red). 
Conversely, positive relationships show locations where a late date of snowmelt leads to an 
increased annual area burned within the ecological system (Figure 6, in blue). 
Negative Relationships - more fire following early snowmelt 
Most forested mountain regions of the US mountain west show a negative relationship 
with snowmelt date (Figure 6 A) and a total of 37 ecological systems show a statistically 
significant (P-value < 0.05) negative relationship (Figure 6 C, Table 2). Strong negative 
relationships exist for much of the Wasatch and Uinta mountain ranges’ ecosystems, including 
Gambel oak montane shrubland, aspen forest and woodland, and subalpine forests (ESPs 1107, 
1011, 1061, and 1055). The Wyoming Basin contains Rocky Mountain limber pine-juniper 
woodland (ESP 1049), and the southern Rocky Mountains hold lodgepole pine forest (ESP 1050) 
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and mixed conifer and woodland (ESP 1028). The northwestern Rocky Mountains have 
significant negative relationships for lodgepole pine ecosystems (ESP 1167), deciduous 
shrubland (ESP 1106), as well as a variety of Sagebrush-dominated ecological systems (ESPs 
1124, 1125, 1126). Surprisingly, no significant relationship is found in the northern Rocky 
Mountains mapping zone, however the non-significant correlations (Figure 6 A) suggest that 
there is a weak negative relationship at play for the mountains of Idaho and western Montana. 
Several of California’s diverse mountain ranges also exhibit significant negative relationships. 
The mesic mixed conifer forest and woodland that flanks the western foothills of the Sierra 
Nevada (ESP 1028), and the chaparral of the southern coast (ESPs 1098, 1108) both exhibit 
negative same-year relationships. 
Positive Relationships - more fire following late snowmelt 
Many relatively xeric regions of the US mountain west show a positive relationship 
between snowmelt timing and annual area burned, including the western Basin and Range and 
the Eastern Oregon plateaus (Figure 6 A). Only a total of six ecological systems show a 
statistically significant positive relationship (Figure 6 C, Table 3). We found positive correlations 
for the relatively dry and sparsely vegetated Sonora-Mojave desert scrub (ESP 1087), 
Chihuahuan mixed desert and thorn scrub (ESP 1100), inter-mountain basins big sagebrush 
steppe (ESP 1125), and western great plains shortgrass prairie (ESP 1149) ecosystems. Forested 
ecosystems showing a positive relationship include the Rocky Mountain aspen forest and 
woodland of the Middle Rockies (ESP 1011) and the North Pacific Mountain Hemlock forest 
(ESP 1041) from the Central cascades of Oregon.  
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Lagged Relationships - effect of antecedent snowmelt dynamics 
Analyzing the 1-year lagged relationship between snowmelt timing and annual area burns 
reveals an interesting pattern where the majority of the study area has a weak positive 
relationship, or none at all (Figure 6 B). Statistically significant positive 1-year lagged 
relationships are concentrated in the 4-corners states, in dry, high elevation ecological systems 
where wildfire is common and snowfall is variable. Five small ecological systems show a 
significant negative relationship (four of those in California), but it is clear that for most 
ecological systems, previous year snowmelt timing is either positively correlated with or 
unrelated to fire extent (Figure 6 D, Table 3).  
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Figure 6 - Ecological systems with Spearman's rank correlations between snowmelt 
timing and annual area burned for the same year (A) and with 1-year fire lag (B). Red regions 
show ecological systems with a negative correlation (early snowmelt leads to increased annual 
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area burned) and blue regions show positive correlations (late snowmelt leads to increased area 
burned). Maps C) and D) show only significant (P-value <0.05) results. 
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Table 3 - Spearman's rank correlation results between snowmelt timing and annual area burned for various ESPs of the US mountain west. 
Note, only ESPs with significant correlations (P-value <0.05) are included. 
Negative Correlations 
ESP ESP Name Mapping Zone Name ρ P-Value 
1008 North Pacific Oak Woodland Cascade Mountain Range -0.592 0.033 
1011 Rocky Mountain Aspen Forest and Woodland Utah High Plateaus -0.718 0.006 
1012 Rocky Mountain Bigtooth Maple Ravine Woodland Utah High Plateaus -0.854 <0.001 
1023 Madrean Encinal Rio Grande Basin -0.564 0.045 
1028 Mediterranean California Mesic Mixed Conifer Forest and Woodland Sierra Nevada Mountain Range -0.703 0.010 
1045 Northern Rocky Mountain Dry-Mesic Montane Mixed Conifer Forest Missouri River Plateau -0.681 0.010 
1049 Rocky Mountain Foothill Limber Pine-Juniper Woodland Wyoming Basin -0.735 0.004 
1050 Rocky Mountain Lodgepole Pine Forest Southern Rocky Mountains -0.605 0.029 
1051 Southern Rocky Mountain Dry-Mesic Montane Mixed Conifer Forest and Woodland Utah High Plateaus -0.605 0.029 
1052 Southern Rocky Mountain Mesic Montane Mixed Conifer Forest and Woodland Southern Rocky Mountains -0.725 0.005 
1055 Rocky Mountain Subalpine Dry-Mesic Spruce-Fir Forest and Woodland Utah High Plateaus -0.688 0.009 
1061 Inter-Mountain Basins Aspen-Mixed Conifer Forest and Woodland Utah High Plateaus -0.620 0.024 
1061 Inter-Mountain Basins Aspen-Mixed Conifer Forest and Woodland Southern Rocky Mountains -0.615 0.025 
1062 Inter-Mountain Basins Curl-leaf Mountain Mahogany Woodland and Shrubland Wyoming Basin -0.769 0.002 
1062 Inter-Mountain Basins Curl-leaf Mountain Mahogany Woodland and Shrubland Eastern Great Basin -0.711 0.006 
1062 Inter-Mountain Basins Curl-leaf Mountain Mahogany Woodland and Shrubland Northwestern Rocky Mountains -0.661 0.014 
1072 Wyoming Basins Dwarf Sagebrush Shrubland and Steppe Wyoming Basin -0.595 0.032 
1075 Chihuahuan Mixed Salt Desert Scrub Rio Grande Basin -0.728 0.017 
1080 Inter-Mountain Basins Big Sagebrush Shrubland Sandhills -0.629 0.021 
1086 Rocky Mountain Lower Montane-Foothill Shrubland Utah High Plateaus -0.576 0.039 
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1098 California Montane Woodland and Chaparral Southern California Coast -0.622 0.023 
1106 Northern Rocky Mountain Montane-Foothill Deciduous Shrubland Northwestern Rocky Mountains -0.693 0.009 
1106 Northern Rocky Mountain Montane-Foothill Deciduous Shrubland Snake River Plain -0.588 0.035 
1107 Rocky Mountain Gambel Oak-Mixed Montane Shrubland Utah High Plateaus -0.669 0.012 
1108 Sonora-Mojave Semi-Desert Chaparral Southern California Coast -0.564 0.045 
1124 Columbia Plateau Low Sagebrush Steppe Northwestern Rocky Mountains -0.732 0.004 
1125 Inter-Mountain Basins Big Sagebrush Steppe Wyoming Basin -0.602 0.029 
1125 Inter-Mountain Basins Big Sagebrush Steppe Northwestern Rocky Mountains -0.559 0.047 
1126 Inter-Mountain Basins Montane Sagebrush Steppe Northwestern Rocky Mountains -0.602 0.029 
1146 Southern Rocky Mountain Montane-Subalpine Grassland Mogollon Rim -0.596 0.032 
1153 Inter-Mountain Basins Greasewood Flat Colorado Plateau -0.559 0.047 
1159 Rocky Mountain Montane Riparian Systems Northwestern Rocky Mountains -0.706 0.007 
1159 Rocky Mountain Montane Riparian Systems 
Blue Mountain Region of the 
Columbia Plateau 
-0.623 0.023 
1159 Rocky Mountain Montane Riparian Systems Southern Rocky Mountains -0.622 0.023 
1160 Rocky Mountain Subalpine/Upper Montane Riparian Systems Snake River Plain -0.555 0.049 
1167 Rocky Mountain Poor-Site Lodgepole Pine Forest Northwestern Rocky Mountains -0.610 0.027 
1495 Western Great Plains Depressional Wetland Systems Southern Great Plains -0.650 0.022 
     
Positive Correlations 
ESP Mapping Zone Name Mapping Zone Name ρ P-Value 
1011 Rocky Mountain Aspen Forest and Woodland Middle Rocky Mountains 0.612 0.026 
1041 North Pacific Mountain Hemlock Forest Cascade Mountain Range 0.630 0.021 
1087 Sonora-Mojave Creosotebush-White Bursage Desert Scrub Sonoran Desert 0.788 0.020 
1100 Chihuahuan Mixed Desert and Thorn Scrub Mogollon Rim 0.695 0.018 
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1125 Inter-Mountain Basins Big Sagebrush Steppe Cascade Mountain Range 0.556 0.049 
1149 Western Great Plains Shortgrass Prairie Southern Great Plains 0.558 0.048 
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Table 4 - Spearman's rank correlation results for 1-year lag between snowmelt timing and annual area burned for ESPs of the US mountain 
west. Note, only significant results (P-value <0.05) are included. 
One Year Lagged Negative Correlations 
ESP ESP Name Mapping Zone Name ρ P-Value 
1002 Mediterranean California Sparsely Vegetated Systems Sierra Nevada Mountain Range -0.835 0.001 
1017 Columbia Plateau Western Juniper Woodland and Savanna Sierra Nevada Mountain Range -0.640 0.025 
1104 Mogollon Chaparral Death Valley Basin -0.580 0.048 
1113 California Coastal Live Oak Woodland and Savanna Southern California Coastal Range -0.668 0.018 
1495 Western Great Plains Depressional Wetland Systems Northwestern Great Plains -0.624 0.030 
     
One Year Lagged Positive Correlations 
ESP ESP Name Mapping Zone Name ρ P-Value 
31 Barren-Rock/Sand/Clay Eastern Great Basin 0.734 0.007 
1016 Colorado Plateau Pinyon-Juniper Woodland Rio Grande Basin 0.809 0.001 
1025 Madrean Pinyon-Juniper Woodland Navajo Plateau 0.691 0.013 
1029 Mediterranean California Mixed Oak Woodland Sierra Nevada Mountain Range 0.916 <0.001 
1031 California Montane Jeffrey Pine (-Ponderosa Pine) Woodland Southern California Coastal Range 0.753 0.005 
1050 Rocky Mountain Lodgepole Pine Forest Southern Rocky Mountains 0.663 0.019 
1050 Rocky Mountain Lodgepole Pine Forest Wyoming Basin 0.707 0.010 
1054 Southern Rocky Mountain Ponderosa Pine Woodland Navajo Plateau 0.592 0.043 
1074 Chihuahuan Creosotebush Desert Scrub Rio Grande Basin 0.711 0.032 
1081 Inter-Mountain Basins Mixed Salt Desert Scrub Mogollon Rim 0.640 0.025 
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1102 Colorado Plateau Pinyon-Juniper Shrubland Utah High Plateaus 0.638 0.025 
1117 Southern Rocky Mountain Ponderosa Pine Savanna Navajo Plateau 0.581 0.047 
1117 Southern Rocky Mountain Ponderosa Pine Savanna Missouri River Plateau 0.650 0.022 
1119 Southern Rocky Mountain Juniper Woodland and Savanna Rio Grande Basin 0.676 0.022 
1124 Columbia Plateau Low Sagebrush Steppe Cascade Mountain Range 0.616 0.033 
1126 Inter-Mountain Basins Montane Sagebrush Steppe Western Great Basin 0.655 0.021 
1126 Inter-Mountain Basins Montane Sagebrush Steppe Middle Rocky Mountains 0.657 0.020 
1139 Northern Rocky Mountain Lower Montane-Foothill-Valley Grassland Northwestern Rocky Mountains 0.650 0.022 
1153 Inter-Mountain Basins Greasewood Flat Sierra Nevada Mountain Range 0.615 0.033 
1153 Inter-Mountain Basins Greasewood Flat Snake River Plain 0.767 0.004 
1155 North American Warm Desert Riparian Systems Sonoran Desert 0.894 0.041 
 
  
 
Discussion 
Snowmelt Timing - Fire Extent Relationships 
There is a common belief that wildfire risk decreases following a deep, extensive, 
or late melting snowpack in the previous winter (Jr 2015; Zuckerman 2015; Bellingham 
Herald 2016). This has been validated on a variety of spatial scales (Westerling et al. 
2006; O’Leary et al. 2016). Ecologically, this makes sense based on the mechanism of 
preconditioning fuel moisture levels, wherein fire would be limited by high fuel moisture 
levels in years with high precipitation (Littell et al. 2009). We identified a strong and 
widespread pattern of negative relationships throughout the Rocky Mountains, Wasatch 
and Uinta Mountains, and in the Sierra Nevada. These findings support previous climate-
fire studies from throughout the Rocky Mountains (Heyerdahl, Morgan, and Riser 2008; 
Morgan, Heyerdahl, and Gibson 2008; Littell et al. 2009; Higuera 2015). Our results 
show that many forested ecological systems in western North America experience 
relatively little fire in years with late snowmelt. Large and widespread fires are therefore 
more likely in years with relatively early snowmelt in these ecological systems. 
In other ecological systems, a late snowmelt correlates strongly with an increase 
in fire activity (positive relationships). This may be because late snowmelt contributes 
ample soil moisture for vegetative growth, leading to an increase in fine fuels which 
promote the spread of fire. We found significant positive correlations between snowmelt 
timing and fire extent in a number of relatively xeric ecosystems dominated by grass and 
shrub vegetation types. A good example of this form of relationship with snowmelt 
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timing can be found in the Sonora-Mojave desert scrub (ESP 1087). Vegetation of this 
ecological system deep in the Colorado river basin of SW Arizona may opportunistically 
grow abundant fuels following any kind of snow event, leading to an increased fire risk in 
the otherwise arid and sparsely vegetated lowland. Interestingly, two forested ecosystems 
(ESPs 1011, 1041) show a positive relationship. This seems to defy conventional wisdom 
in alpine areas, and goes against the majority of the negative correlations in fairly similar 
environments. Perhaps this is an artifact within the data (which are likely with n=13 yr), 
though there may be other controlling factors at play.  
For some ecological systems, fire extent is also linked to snowmelt timing in the 
previous year. We identified a widespread tendency for relatively late snowmelt to be 
followed by extensive fire activity in the following year, though this relationship was 
only statistically significant in a few ecological systems. Noteworthy 1-year lagged 
correlations include the Rocky Mountain lodgepole pine forest (ESP 1050). The Southern 
Rockies section of this ecological system shows a significant negative relationship for the 
same-year comparison, and a significant positive relationship for the 1-year lagged 
comparison. This is a particularly important result, as lodgepole pine (Pinus contorta var. 
latifolia Engelm.) often grows serotinous cones, thus benefit from fire (Schoennagel, 
Turner, and Romme 2003). This species is intricately linked with wildfire, and it is 
interesting to see that this is the only ecological system to have significant same-year and 
1-year lagged correlation results. Given these findings, it is reasonable to expect that a 
late snowmelt in a given year will lead to a low fire activity that year, followed by an 
increased fire activity the following year. Similarly, the Colorado Plateau pinyon-juniper 
woodland ecological system (ESP 1060) has a significant 1-year lagged positive 
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relationship, suggesting that wildfires follow a build-up of light fuels during the late 
snowmelt years in these ecological systems where much of the precipitation falls as 
snow. However, this ESP does not yield a significant same-year correlation result like the 
aforementioned lodgepole pine forest.    
Our results show a spatially variable pattern of snowmelt timing effects on fire 
extent. We found few same-year positive relationships, suggesting that in most ecological 
systems more extensive fire activity can be expected in years with relatively early 
snowmelt. The 1-year lagged relationships we identified indicate that fire activity in 
many ecological systems is responsive to antecedent snow conditions. For much of the 
US mountain west precipitation as snow is the primary hydrologic input, and snowmelt’s 
ability to control soil moisture has a strong influence on vegetative growth. A late 
snowmelt one year may be an indication of a snowpack with a high snow water 
equivalent (SWE). This above-average moisture contribution to the soils will likely result 
in increased fine fuel production. Many of the positive 1-year lagged relationships come 
from ecological systems with sparse vegetation, or vegetation that grows 
opportunistically following precipitation events. Regions such as the Rocky Mountains, 
the high plateaus of New Mexico, or mid-elevation forests of the Sierra Nevada 
experience periodic draught followed by deep snowpack, and these areas all show 
statistically significant 1-year lagged positive relationships.  
Mechanisms and Management Implications 
Our paper is the first analysis of specific ecological systems where there are 
statistically significant relationships between snowmelt timing and annual area burned 
over short time periods (< 15 yr). Our elucidation of how snowmelt timing's effect on fire 
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extent varies over space and among ecological systems is a potentially very valuable 
contribution to fire management. Early snowmelt timing leads to pre-conditioning of 
fuels (Littell et al. 2009), and can be observed months ahead of fire season within a given 
region (O’Leary et al. 2016). These results will benefit fire management leadership as 
they plan logistical strategies for the upcoming fire season. Regions such as the central 
and southern Rocky Mountains, where extensive fire activity tends to occur following 
early snowmelt, demonstrate a strong negative relationship, and therefore an early 
snowmelt may be a harbinger of a large fire season to come. Land managers for regions 
in which a late snowmelt is likely to lead to an increase in annual area burned the 
following year can be proactive in their fire management, rather than waiting to see what 
the next year’s snow, rain, draught, and ignitions has in store. Still, these predictions are 
not absolute, as there are many variables that influence wildfire activity that occur 
between snowmelt and the beginning of fire season (J. R. Marlon et al. 2009; Higuera et 
al. 2015; Higuera 2015) and an early snowmelt is only one of many factors that set the 
stage for a large fire season. 
Long-term trends indicate that snow cover is decreasing across the US mountain 
west, and researchers suggest that this trend will continue into the future (Stewart 2009; 
Derksen and Brown 2012; Dorothy K. Hall et al. 2015). This is particularly alarming for 
ecological systems demonstrating negative relationships between snowmelt timing and 
annual area burned, as an increase in fire has the potential to dramatically alter ecological 
processes and may be harmful to sensitive species (Schrag, Bunn, and Graumlich 2008). 
Land managers and others charged to identify and implement climate change adaptation 
strategies will need to identify how these forces will impact their lands. 
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Snowmelt timing is an easy to observe climactic factor that is known to influence 
wildfire. Still, snowmelt timing may not be a direct mechanism controlling fire, even 
when correlations are observed. Possible multicollinearity between numerous climatic 
factors including El Niño Southern Oscillation (ENSO), Pacific Decadal Oscillation 
(PDO), jet stream anomalies, precipitation patterns, may show a correlation between 
snowmelt and fire while the underlying mechanism is still unknown. While this is 
important to acknowledge, our results show that snowmelt timing may be a good 
indicator of wildfire extent for many ecological systems, regardless of the mechanistic 
relationship. 
Suggestions for Future Research 
This research is the first application of moderate-resolution snow imagery to 
wildfire questions at this scale. While others have investigated the Western US as a 
whole or in parts (Medler, Montesano, and Robinson 2002; Westerling et al. 2006; Littell 
et al. 2009; Dillon et al. 2011), none have done so considering snow at such a high spatial 
resolution. Furthermore, researchers have identified climate/fire relationships within 
ESPs (Dillon et al. 2011; Higuera et al. 2015), but have limited their study extent to 
regions of the US west. Our research builds upon these previous findings by expanding 
our area of interest to the entire US mountain west to improve our understanding of 
snowmelt/fire relationships across varying ecological systems. We identified dozens of 
statistically significant relationships across the region and, even considering possible 
errors of omission or commission, the results are clear that snowmelt timing is an 
ecologically important force influencing annual area burned. Our research was primarily 
limited by overlapping MODIS and MTBS data availability, and these methods should be 
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repeated with updated datasets or higher-resolution spatial data when they become 
available. 
Conclusions 
Snowmelt timing is an ecologically important and statistically significant 
influence on annual area burned for dozens of ecological systems of the US mountain 
west. Snowmelt has the capacity to influence annual area burned through a variety of 
mechanisms, and both early and late snowmelt can have different impacts for different 
ecological systems. The forested areas of the Rocky Mountains show strong relationships 
between an early snowmelt timing and large annual area burned across many ecological 
systems and mountain ranges. Fire activity generally increases in the year following a late 
snowmelt, particularly in ecological systems of the southwest where fine fuels are more 
abundant following a wet winter.  
Though this approach has certain limitations, the ecological importance of 
snowmelt timing on wildfire activity is quantifiable and conforms to previous research 
and “common knowledge”. Snowmelt timing should therefore be included in future 
multivariate analyses of climate/fire interactions, and deserves further exploration as a 
preconditioning factor for all fuels. By establishing the relationship between remotely 
sensed snowmelt timing and annual area burned, and given the forecasts for less snow in 
the coming decades, we can improve our projections for future fire behavior across the 
US mountain west. 
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